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ABSTRACT  
This research demonstrates the application of spectral-feature-based analysis to identifying and mapping Earth-surface 
materials using spectral libraries and imaging spectrometer data.  Feature extraction utilizing a continuum-removal and 
local minimum detection approach was tested for analysis of both reflectance and emissivity spectral libraries by 
extracting and characterizing spectral features of rocks, soils, minerals, and man-made materials.  Library-derived 
information was then used to illustrate both reflectance- and emissivity-feature-based spectral mapping using imaging 
spectrometer data (AVIRIS and SEBASS).  An additional spectral library of emission spectra from selected nocturnal 
lighting types was used to develop a database of key spectral features that allowed mapping and characterization of night 
lights from ProSpecTIR-VS imaging spectrometer data.  Results from these case histories demonstrate that the spectral-
feature-based approach can be used with either reflectance or emission spectra and applied to a wide variety of imaging 
spectrometer data types for extraction of key surface composition information. 
Keywords: Spectral-Feature-Based Analysis, Absorption Features, Emission Features, Spectral Characterization, 
Spectral Identification, Imaging Spectrometry, Hyperspectral Imaging 
1. INTRODUCTION  
This research generally follows the approaches of Kruse 2008 [1] developed for spectral-feature-based analysis of 
reflectance spectra. The core approach is to isolate, extract, and characterize individual spectral features.  This is 
accomplished by first normalizing the reflectance levels using a continuum removal procedure [2], then extracting local 
minima and absorption band parameters to describe the spectral features [3].  Known materials in spectral libraries are 
first analyzed, and then the information extracted from these is used to identify unknown materials by matching their 
absorption features to rules defined during the analysis and/or using a root-mean-squared (RMS) error spectral feature 
fitting approach [4].  For the purpose of selected non-reflectance datasets described here, we have pre-conditioned the 
data to resemble the reflectance spectra (rather than modifying the algorithms) and applied the “standard” reflectance 
analysis algorithms to the emissivity (or in the case of night lights, emission) spectra. 
2. ANALYSIS OF REFLECTANCE DATA 
Previous research has illustrated the viability of spectral-feature-based analysis of reflectance spectra for identification 
and mapping of Earth-surface materials using their diagnostic spectral characteristics [1, 4, 5].  These methods are well 
established and routinely used by several organizations (e.g. U.S. Geological Survey) to map surface mineralogy world-
wide using imaging spectrometer data [4]. The main difficulty in using these approaches, however, lies in the analysis of 
spectral libraries and determination of key spectral features, which typically are labor- (and expertise-) intensive 
processes.  The research described here illustrates, however, that some of these processes can be automated.  Short-
wave-infrared (SWIR) imaging spectrometer data of a well-known field site, Cuprite, Nevada, USA are used to 
demonstrate this approach applied to SWIR reflectance data as a model for the general method, which can then be 
applied to different types of spectral data (described in following data-specific sections). 
2.1 Reflectance Spectral Library Analysis 
A high resolution spectral library forms the basis for feature-based analysis [1].  A wavelength range of interest is 
chosen (in this case, 2.0 – 2.5 micrometers, a portion of the SWIR region).  All of the spectra in the library are 
                                                 





sequentially analyzed to produce a set of “rules” describing their spectral characteristics [1, 3, 6].  A continuum is 
automatically fit across each spectrum as a convex hull connecting local maxima.  The continuum is then divided into 
the original spectrum to produce an effectively normalized spectrum in which the spectral features are isolated against a 
“flat” background.  Local minima are located and these (absorption features) are characterized in terms of their 
wavelength position, band depth, full-width-half-maximum (FWHM) and band asymmetry [1].  The continuum starting 
and ending points are also recorded.  Thus the rules consist of a table of characterized features for each member of the 
analyzed spectral library that can then be used to compare against unknown spectra to determine their degree of match 
and identity (Figure 1, Table 1). 
   
Figure 1. Spectral plot from 2.0 – 2.5 micrometers of the mineral Alunite (USGS sample AL706) from the 
USGS “splib06” spectral library [7] showing the positions of the two strongest absorption features. 
 
 
Table 1. Simplified Rule Table for the mineral Alunite (USGS Alunite sample AL706). Parameters are “Feat” 
(Feature ID), “Position” (Band Center Position), “Depth” (Band Depth), “FWHM” (Full width at half of the 
band depth), “Asym” (Band Asymmetry), “Weight” (a weighting factor scaled to the band depth), “Left” (left 
continuum endpoint), “Right” (right continuum endpoint), “Slope” (slope of the continuum), and “Refl” 
(reflectance value of the continuum at the band center). 
Feat Position Depth FWHM Asym Weight Left Right Slope Refl 
1-1 2.1750 0.3467 0.0960 -0.1257 1.0000 2.000 2.255 -0.0201 0.715 
2-1 2.3250 0.1710 0.0330 0.0135 0.4931 2.285 2.365 -0.8562 0.673 
  
Selected minerals were extracted from the USGS spectral library splib06 and features analyzed.  These included alunite, 
buddingtonite, calcite, chalcedony (silica), kaolinite, montmorillonite, and muscovite. There are other spectrally active 
minerals present for this site [8], but we chose these main minerals to simplify the results.  In this case, we used multiple 
spectra of the same mineral (e.g. 7 alunites, 6 kaolinites) to automatically produce a set of generalized rules based on 
shared absorption features for specific minerals [1].  We also calculated both the range and standard deviation for the 
specific shared absorption features and used these to define the tolerances for absorption band parameters. The rules 
defined using the shared absorption features and natural spectral variability defined by the tolerances were used to 






2.2 Application of Spectral Library Analysis Results to Airborne Visible/Infrared Imaging Spectrometer 
(AVIRIS) Data 
The Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) is flown by NASA/JPL on a variety of aircraft at spatial 
resolutions ranging from 2 – 20 meters.  AVIRIS is a 224-channel imaging spectrometer with approximately 10 nm 
spectral resolution covering the 0.4 – 2.5 micrometer spectral range [9, 10]. The sensor is a whiskbroom system utilizing 
scanning foreoptics to acquire cross-track data.  The IFOV is 1 milliradian.  Four off-axis double-pass Schmidt 
spectrometers receive incoming illumination from the foreoptics using optical fibers.  Four linear arrays, one for each 
spectrometer, provide high sensitivity in the 0.4 to 0.7 micrometer, 0.7 to 1.2 micrometer, 1.2 to 1.8 micrometer, and 1.8 
to 2.5 micrometer regions respectively.  AVIRIS has operated for over 25 years, with numerous technology upgrades to 
insure optimum performance [10]. 
The Cuprite, Nevada site has been used extensively for nearly 30 years as a test site for remote sensing instrument 
validation [8, 11-14]. The site is ideal for remote sensing because it is relatively well known, there is little vegetation, 
there are a variety of minerals with sharp absorption features, and there are some areas of pure minerals.  Materials at the 
surface consist primarily of volcanic rocks that have been hydrothermally altered (changed by hot water passing through 
the rocks) in a fossilized hot-springs environment [8, 15].  Common hydrothermal alteration minerals present include 
silica (chalcedony), kaolinite, dickite, alunite, buddingtonite (an ammonium feldspar), muscovite, jarosite, and 
montmorillonite [8]. 
AVIRIS data for Cuprite acquired on 09/20/2006 were used for this analysis.  The radiance data provided by JPL were 
corrected to reflectance using the ACORN atmospheric correction software [16] and further refined using a field 
spectrum collected for the “Stonewall Playa” area. The quality of extracted reflectance spectra approaches that of 
laboratory-measured spectra.  The feature-based analysis described above was applied to the data using the grouped 
spectral feature analysis approach [1].  Figure 2 shows the results. 
 
Figure 2.  Spectral-feature based analysis of the 2006 Cuprite, Nevada, USA site.  Library-defined spectral feature 
rules were used to match the spectrally predominant mineral at each pixel.  General patterns are similar to those 
seen in previous work using other Cuprite AVIRIS datasets [1, 4, 8, 13] and comprehensive mineral mapping 
performed by the U.S. Geological Survey [4, 8]. Numbers next to the mineral names indicate the number of library 






3. SEBASS LONG WAVE INFRARED (LWIR) EMISSIVITY DATA ANALYSIS 
The Spatially Enhanced Broad-band Array Spectrograph System (SEBASS) is a mid-wave infrared and long-wave 
infrared (LWIR) imaging spectrometer designed to map earth surface materials and gases [17-19]. We used the LWIR 
data, with radiance measured in 128 spectral bands from approximately 7.4 to 13.4 micrometers for this research.  A 
sample dataset distributed by Aerospace Corporation for a portion of the Cuprite, Nevada, USA site was used. 
3.1 LWIR Spectral Library Analysis 
A high resolution LWIR spectral library was first analyzed using the same methods previously applied to the SWIR 
spectral library above. Selected minerals were extracted from the John Hopkins University (JHU) spectral library [20] 
and features analyzed.  The JHU library data, which were measured in reflectance, were first converted to emissivity 
using Kirschoff’s Law of thermal emission (=1-), where  is emissivity and  is reflectance [21]. The wavelength 
range of interest, corresponding to the SEBASS instrument spectral coverage is approximately 7 – 14 micrometers.  
Once the library data were converted to emissivity, then they could be analyzed using the previously described feature 
extraction and characterization approach.  A convex upward continuum was fitted across the emissivity spectra, the local 
minima were located, and the spectral feature parameters were extracted.  Rules were built for key minerals known to 
occur at the Cuprite site incorporating the emissivity minima wavelength positions, and each feature’s starting and 
ending points, depth, FWHM, and asymmetry. Figure 3 and Table 2 show an example of key spectral features and 
emissivity minima characteristics extracted for the mineral “quartz”. 
 
Figure 3.  Continuum-removed emissivity spectrum for the mineral quartz, showing key emissivity minima 
marked with vertical lines and band position with triangles. The horizontal arrows indicate the FWHM location for 
each emissivity minima, with the direction of the arrow indicating the asymmetry (left or right). 
Table 2. Compilation of key spectral characteristics for the mineral quartz using the feature extraction and 
characterization approach. Headings are as for Table 1, except “Emis” indicates emissivity of continuum at the 
band center. 
Feat Position Depth FWHM Asym Weight Left Right Slope Emis 
1-1 8.89220 0.80089 1.80987 -0.05949 1.0000 7.37433 12.25568 -0.01922 0.965 
1-2 8.48470 0.79083 1.81701 0.25756 0.98744 7.37433 12.25568 -0.01922 0.972 
2-1 12.76885 0.25255 0.59831 -0.04512 0.31533 12.25568 13.97345 -0.03764   0.881 





3.2 Application of Spectral Library Analysis Results to Spatially Enhanced Broad-band Array Spectrograph 
System (SEBASS) Data 
Selected minerals known to occur at the Cuprite site were used for spectral-feature-based analysis of the Cuprite 
SEBASS data.  The SEBASS data were first corrected for atmospheric effects using the ISAC approach [19, 22-24]. A 
temperature-emissivity separation algorithm “Normalized Emissivity” [25-27] was applied to the Cuprite data to convert 
to an approximation of emissivity.  Once in emissivity, the rules derived from the analysis of the JHU spectral library (as 
converted to emissivity) were applied on a pixel-by-pixel basis to show the spectrally predominant material (Figure 4). 
Individual spectral plots were then extracted from the normalized emissivity data for areas mapped as specific materials 
to confirm that the expected emissivity minima were present.  The spot checking indicated that the feature-based 
approach generally adequately matched the library spectra. There are still, however, obvious issues relating to column-
striping present in these early generation SEBASS data. 
   \  
 
Figure 4.  Left:  SEBASS color composite image for a portion of the Cuprite site (near the western edge), bands 
46, 27, 11 (10.02, 9.00, 8.03 micrometers) (RGB).  Center: Selected JHU library emissivity spectra used for 
feature-based spectral mapping.  Right:  Feature-based mapping result using emissivity minima locations and 
characteristic parameters (FWHM, Asymmetry). Colors match plotted spectra with the exception of quartz 
(plotted black, shown on the image in white). Note that “quartz” is not necessarily the same as “silica” and 





4. NIGHT LIGHTS VNIR EMISSION DATA ANALYSIS 
Previous conference papers presented at SPIE and elsewhere have described the extraction of night lights emission 
spectra from ProSpecTIR-VS radiance data and mapping using simple spectral matching methods (e.g. binary 
encoding)[28-30]. This research takes the next step by extracting specific spectral features from the data and using the 
feature-based approach to identify specific lighting types based on those features. 
4.1 Analysis of the NOAA VNIR Lighting Types Spectral Library 
NOAA has measured emission spectra of a wide variety of lighting types using an Analytical Spectral Devices (ASD) 
“Fieldspec 3” field spectroradiometer [31]. These include spectra for most major lighting types, including liquid fuel 
lamps, pressurized fuel lamps, incandescent (including quartz halogen), mercury vapor, fluorescent, metal halide, high 
pressure sodium, low pressure sodium, neon lamps, and light emitting diodes (LED). These were previously compiled 
into a spectral library for imaging spectrometer data analysis [30]. 
The NOAA lights spectral library was analyzed over the VNIR spectral range of 0.4  to 1.4 micrometers using the 
spectral feature extraction approach to determine key emission features.  In order to do this, the data were inverted first 
by subtracting the radiance values from the constant value one (1.0) (Figure 5).  This resulted in spectra where the 
emission features were pointing down, which then could be analyzed by existing software without modification.  Figure 
5 shows an example of several original emission spectra, and the inverted spectra used for analysis. 
 
   
Figure 5.  Left:  NOAA spectral library emission spectra over the full 0.4 to 2.5 micrometer measured range 
(offset vertically for clarity and separation of features).  Right:  Inverted library spectra created for analysis by 
subtracting emission spectra from one (1.0). Spectra were analyzed only over the 0.4 – 1.4 micrometer range 
containing most of the strongest spectral features. 
The specific extracted spectral feature information was tabulated as before as a series of rules indicating the key spectral 
features, weighted by their strength and characterized according to the wavelength position of the feature, the depth of 
the feature, the FWHM, and the feature asymmetry.  Figure 6 and Table 3 show an example of the analysis for a library 






Figure 6.  Spectrum analysis for an inverted high pressure sodium radiance (emission) spectrum.  Red arrows 
indicate positions of extracted spectral features. 
 
Table 3. Compilation of key spectral characteristics for the high pressure sodium spectrum above using the feature 
extraction and characterization approach. Headings are as for Table 1, except “Emis” indicates emission value of 
continuum at the band center. 
Feat Position Depth FWHM Asym Weight Left Right Slope Emis 
1-1 0.81900 0.15551 0.00492 -0.47413 1.0000 0.40000 1.21400 0.00069 0.99 
1-2 0.56900 0.07590 0.00719 0.82087 0.48809 0.40000 1.21400 0.00069 0.99
1-3 0.59800 0.07066 0.01784 0.30704 0.45435 0.40000 1.21400 0.00069 0.99
1-4 0.58200 0.06360 0.02103 0.51559 0.40897 0.40000 1.21400 0.00069 0.99
1-5 1.13900 0.04630 0.01594 -1.15487 0.29772 0.40000 1.21400 0.00069 0.99
1-6 0.61600 0.04149 0.03096 0.05852 0.26679 0.40000 1.21400 0.00069 0.99
1-7 0.49800 0.01774 0.00696 1.45187 0.11408 0.40000 1.21400 0.00069 0.99
1-8 0.55400 0.01221 0.04105 1.14878 0.07848 0.40000 1.21400 0.00069 0.99
 
4.2 Application of Spectral Library Analysis Results to night-time ProSpecTIR-VS imaging spectrometer data of 
Las Vegas, Nevada, USA 
The ProSpecTIR-VS hyperspectral system operated by SpecTIR, LLC (www.spectir.com) is a custom integrated 
imaging spectrometer that incorporates Specim (www.specim.fi) AISA Eagle (VNIR) and Hawk (SWIR) systems. The 
integration of these two high performance sensors provides for the simultaneous acquisition of full hyperspectral data 
covering the 0.4 – 2.5 micrometer spectral range. The two imaging spectrometers are co-aligned and generate a single, 





a 24 degree scan and 0.075 degree (approximately 1.3 milliradian) instantaneous field of view (IFOV), the system 
achieves spatial resolutions varying from 0.5 – 5m depending upon altitude and platform speed. The data analyzed here 
were acquired at 10:55 PM on July 28, 2009 at an altitude of approximately 1800m over the “Las Vegas Strip” (central 
part of the city). These data were previously described in [30].  The 0.4 – 1.4 micrometer range, 190 bands, were used in 
this analysis.  Data were provided by SpecTIR as radiance data and were inverted for this analysis by subtracting from 
the constant one (1.0) as described for the library spectra above.  Spectral resolution was 5nm and spatial resolution was 
approximately 1.2m. 
Only a few selected light types were used for this analysis to demonstrate the concept and only the brightest lights were 
analyzed.  Library spectra analyzed included red neon, blue neon, high pressure sodium, and metal halide light types.  
Previous comparison of selected spectra extracted from the imagery to the library spectra shows excellent agreement 
with respect to the spectral features and their relative strengths [30]. An example from this paper is shown in Figure 7. 
   
Figure 7.  Comparison of ProSpecTIR-VS emission spectra for high pressure sodium and metal halide lights to 
their respective NOAA library spectra.  From [30]. 
Previous examples using true color images and the binary encoding matching approach for the ProSpecTIR-VS data 
night lights mapping were published in the SPIE Defense and Security proceedings for 2011 (Figure 8, Left) [30].  The 
new, feature-based mapping produces similar results, but more closely tied to the actual spectral features and their 
detailed characteristics (Figure 8, Right). 
    
Figure 8.  Comparison of (Left) ProSpecTIR-VS true color image night lights colors overlain on a Quickbird 
panchromatic image (from Kruse, 2011 [30]) to (Right) ProSpecTIR-VS night lights identification using the 
feature based approach overlain on the Quickbird image background.  Letters on left figure refer to locations in 
[30]. Note slight mis-registration between the lights and the background image caused by the fact that neither 





5. DISCUSSION AND CONCLUSIONS 
This research summary describes a generalized approach to analysis of spectral features that can be applied to spectral 
libraries and imaging spectrometer data. Common steps, regardless of the source of the spectral data, consist of analysis 
of a reference library using a continuum-removal and feature characterization approach, then application of the analysis 
rules derived from the spectral library to the imaging spectrometer data.  Local maxima on each spectrum are used to fit 
a convex upward continuum, local minima are located, and each spectral feature found is analyzed in terms of the key 
parameters band position, band depth, band width (FWHM), and band asymmetry. A root-mean-square (RMS) error 
approach to matching features (controlled by the rules) can alternatively be used. The imaging spectrometer data are 
evaluated for spectral features on a pixel-by-pixel basis and a score assigned depending on the degree of match to the 
specific rules. A simple threshold classification is then used to display each pixel in a classified image as the 
predominant material (the one with the highest score above a predetermined threshold, e.g. 75% match). The case 
histories provided illustrate the application across several wavelength ranges and for both reflectance and emission 
spectral data. 
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